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ABSTRACT

EVALUATION OF PERFORMANCE AND POWER CONSUMPTION WHEN
DIFFERENT CONTROLLERS ARE USED ON ADAPTIVE CRUISE CONTROL
OF AN ELECTRIC VEHICLE

Research on electric vehicles became a very hot topic in the last few years because they
have advantageous in terms of efficiency, carbon emission and performance compared to
combustion engines. However, high battery cost, long charging time and limited traveling
range of electric vehicles are the challenges that researchers are still currently working on.
Innovative battery and its management systems have been developed to increase travelling
range of electric vehicles. Furthermore, lowering the battery power consumption of the
comfort and safety systems in the vehicle is another research topic to increase battery
range. Adaptive Cruise Control (ACC), which is one of the comfort and safety systems,
has also been used to increase the travelling range of electric vehicles. In this thesis, we
design ACC with three well-known Proportional-Integral-Derivative (PID), Fuzzy and
Model  Predictive  Controller  (MPC)  controllers, and  evaluate their
acceleration/deceleration performance, and power consumption. Initially, the dynamic
model of an electric vehicle (LCV), which includes electric vehicle longitude dynamic, and
battery consumption equations, is developed. Later, ACC mathematical equations with
Proportional-Integral-Derivative (PID), Fuzzy and Model Predictive Controller (MPC) are
derived, and integrated inside the dynamic model of the electrical vehicle. Simulation
experiments are performed to evaluate the performance and power consumption when

these three controllers are used on ACC of the electrical vehicle.



OZET

ADAPTIF HIZ SABITLEME SIiSTEMINDE FARKLI KONTROLORLER
KULLANILMASI iLE ELEKTRIKLI ARACIN PERFORMANS VE GUC
TUKETIMININ DEGERLENDIRILMESI

Elektrikli araglarin i¢ten yanmali motorlara sahip araclara kiyasla verimlilik, karbon
emisyonu ve performans avantajlari elektrikli araglar tizerine yapilan arastirmalarin
giindemde olmasini saglamaktadir. Bununla birlikte, elektrikli araglarin batarya maliyetinin
yiiksekligi, uzun sarj siiresi ve diisiik menzil sorunlar1 arastirmacilarm halen {izerinde
calistiklar1 konulardir. Yenilik¢i batarya teknolojileri lizerine g¢alismalarmm olmasi ile
birlikte, ara¢ iginde konfor ve giivenlik amacgh kullanilan sistemlerin calisma
prensiplerinde de batarya gii¢ tiiketim degerlerini diisiirerek ara¢g menzilini arttiracak
arastirmalar yapilmaktadir. Konfor ve giivenlik sistemlerinden biri olan Adaptif Hiz
Sabitleme (AHS) teknolojisinin batarya menzilini arttrmak i¢in kullanilmasi bu ¢aligma
alanlarindan biri olarak gosterilmektedir. Bu tezde bilinen ti¢ denet¢i Oransal-Integral-
Tiirevsel, Bulanik ve Model Ongoriimlii denetcileri AHS ile kullanilarak farkli tip
denetgilerin elektrikli aracin hizlanma/yavaslama performansina, ve batarya tiiketimine
etkisi degerlendirilmistir. Oncelikle elektrikli aracin yataydaki dinamik ve batarya tiiketim
davraniglar1 modellenmistir. Daha sonra Oransal-Integral-Tiirevsel, Bulanik ve Model
Ongoriimlii denetciler ile birlikte olusturulan AHS matematiksel denklemleri elektrikli arag
dinamik modeline entegre edilmistir. Simiilasyon ortaminda her bir denet¢inin elektrikli

aracin performans, ve batarya tiiketim degerleri tizerine etkisi degerlendirilmistir.
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1. INTRODUCTION

Fossil fuels are widely used in transportation sector especially in light duty vehicles and
passenger cars. The latest research on the transportation sector has shown gas emissions
corresponds 15% of the Europe’s carbon dioxide emissions. Electricity as an energy source
used for the vehicles engine systems offers renewable and environmental friendly energy
in the transportation sector [1]. 'Tank-to-wheels' efficiency of the electric vehicles, which
use electric power, is approximately three times more than the internal combustion engine
vehicles [2]. Additionally, electric vehicle engines have less noise and vibration [3]. In
spite of numerous advantages of electric vehicle, the number of electric vehicles in use is

still insignificant.

The sales of electric vehicles had reached only 1% of the market shares in 2015. The
reasons of this low use of electric vehicles are because of high battery costs, long charging
time, low limited range, and limited charging infrastructures. The battery cost is in
$180/kWh to $200/kWh range, which has been announced by GM and LG Chem. This cost
has also been approved by the United States Department of Energy. Tesla and Panasonic
also confirm these battery costs for electric vehicles [4]. When we consider the average
battery size is around 40kW in the electric vehicle industry, battery prices for Battery

Electric Vehicle (BEV) are a huge cost not only for suppliers but also for customers [5,6].

Long charging time is another research problem that electric vehicle manufacturers are
trying to solve. The studies have shown that BEV is in fully charge to find 300 kilometers
range in 20 minutes [7]. One of the famous electric vehicle manufacturer Tesla
superchargers gives the opportunity to charge the battery fully in 20 minutes for Tesla
Model S. The charger of BMW i3 EV is able to charge the 80 percent battery in
approximately 30 minutes. However, this is still not enough time to satisfy the customer as

like internal combustion engine vehicles tank filling [5,6].

Limited travelling range is also another research topic that researchers are currently
working on [5,6]. Recently, average electric vehicle ranges increase to 350 kilometers with
a single charge [6]. This number depends on used battery package size in vehicle. In small
vehicle segment, Fiat 500e (2015) range is only 135 km range with 24 kWh battery.
Chevrolet Spark EV (2015) has 130 km range in fully charge with 18.4 kWh battery



energy. In medium large segment, Nissan Leaf (2016) serves 250 km range from 30kWh
battery package. Tesla is one of the luxury EV segment manufacturer has increased the
travelling range up to 480 km with enlargement battery packet up to 75kWh [8]. Statics
show that most of vehicle customers want to use vehicles over 400 km range [6].

The physical electrical battery characteristic and battery power consumption of the
vehicles directly affect the travelling range of electric vehicle. If there is large size battery
used on vehicle and vehicle consumes low power consumption in moving, then this
enlarges the electric vehicle travelling range automatically. Thus, the electric vehicle
manufacturers have been trying to solve low travelling range problem by working on high
capacity, and low weight batteries. Additionally, some other researchers are trying to find
solutions to decrease vehicle battery consumption during the travelling on the road [9-12].

The high capacity and low weight batteries, and their management systems have
previously been proposed to change electrical battery power consumption characteristics
during travelling [9,10]. The ultra-capacitor usage theory on electric vehicle has previously
shown to improve the vehicle performance [9]. Another development area is related with
the battery management system (BMS) of the plug-in hybrid electric vehicle (PHEV), and
electric vehicle (EV). Battery management system optimization methods are performed
because of the variety of the BMS missions in vehicles (monitoring the capacity of the
battery, remaining run-time information and counting charge-cycle etc.) [10]. The high
technology battery management systems have shown to increase engine performance, and
to extend the life of the battery [13].

Furthermore, new vehicle technologies such as regenerative braking systems and
methodologies have also been integrated on vehicles to improve battery range [11,12]. The
operation of induction machine (IM), which is behind the theory of regenerative braking
system, is used to obtain the electric power from the powertrains when the brakes are
applied. When the electric power is generated, then this power is sent to the battery to
charge operation [11]. Methodological approaches are also defined to increase vehicle
battery range during the conceptual phase electric vehicles by considering the vehicle

technologies requirements such as heating, ventilation and air conditioning (HVAC) [12].



Autonomous driving technologies are another research area in the automotive industry.
Advanced Driving Assistance Systems (ADAS) are improved on the vehicles to develop
autonomous driving technology to improve road safety and driving comfort and also
vehicle efficiency. Adaptive Cruise Control (ACC) is one of the important driver
assistance systems that automatically adjust the vehicle speed to maintain a safe distance
from the vehicles ahead. Adaptive Cruise Control (ACC), which directly controls engine or
brake system working conditions, has also previously been used to increase the travelling
range of the electrical vehicles [14,15].

ACC automatically adjusts the vehicle speed to maintain a safe distance from the front
vehicles. Proportional-Integral-Derivative (PID), Linear Predictive Control and Model
Predictive Control (MPC) methods have previously been used to set the speed, and the
distance for ACC controllers to increase the travelling range of electrical vehicles [16-18].
Various control based eco-driving techniques, and solutions have also been developed to
decrease battery consumption, and to increase battery range of EV and PHEV when ACC
is active [16,19].

Meanwhile, numerical solutions with different optimal consumption algorithms have been
proposed to decrease battery consumption, and to increase battery range of electric vehicle
to obtain energy efficient ACC [15,19-23]. Pontryagin’s Minimum Principle (PMP),
which is one of the optimization theories, is used to minimize the total energy consumption
when maintaining a safe distance from vehicles ahead. Future trip information is a main
parameter to evaluate the global optimum solution in PMP [16]. Another optimization
problem solution is the use of model predictive control theory. In this theory, the quadratic
equation of the optimization problem has been generated considering the economy
performance, and safety index parameters [19]. Dynamic Programming (DP) according to
Bellman is also used to guarantee energy efficiency using traffic signs or traffic data [15].
Charge Depleting-Charge Sustaining (CDCS) method, which is currently being used on the
production vehicle, is another numerical method in the analysis of energy management
strategies. An optimal control strategy based on Pontryagin’s Minimum Principle (PMP),
and Charge Depleting and Sustaining (CDCS) method is used to compare the efficiency
effect on plug-in hybrid electric vehicle (PHEV) or electric vehicle under different road

conditions [20]. Additionally, information of the road profile and navigation systems is



used to provide high efficient regenerative energy braking with different traffic conditions
[21-23].

Various methods have been proposed to design energy efficient ACC to decrease battery
consumption, and to increase battery range. However, to our knowledge, none of the
previously proposed methods had evaluated the changes in the performance, and the power
consumption of an electric vehicle when different controllers are used for ACC. The
evaluation of performance directly effects the power consumption because if the vehicle
needs more performance from the engine that means the vehicle consumes more electrical
energy, which can simply be explained by the law of conversation of energy. Thus, energy
efficiency of the electric vehicle should be evaluated by looking at the power consumption
of the vehicle during travelling or standing. When the total energy that comes from the
battery package is constant for one electric vehicle, then power consumption is a key
parameter to assess energy efficiency of the electric vehicle. The assessment of power
consumption can provide information about decrement/increment of the travelling range of
electric vehicle. The aim of this thesis is to compare acceleration/deceleration
performance, and power consumption of an electric vehicle when different controllers are
used for ACC. The controller parameters on vehicle dynamics of the electric vehicle are
varied to evaluate the performance, and the power consumption to obtain energy efficient
ACC.

In this thesis, firstly lateral and longitudinal dynamic forces are analyzed to define dynamic
model of the electric vehicle. The longitudinal forces are considered because of the
minimal lateral force effect on the electric vehicle. Tractive force, aerodynamic resistance,
acceleration force, gravitational force, and rolling resistance are included in the dynamic
model of the electric vehicle. The mathematical model of the longitudinal motion dynamic
of electric vehicle (LCV) is developed to include them into the cruise control and adaptive

cruise control.

ACC is used to increase or decrease the vehicle speed to maintain a distance that is set
from the driver. This scenario is used to evaluate energy efficiency of designed ACC
systems in this thesis. Longitudinal acceleration and deceleration of the electric vehicle are
simulated with different traffic conditions such as city or highway conditions. Experiments
in MATLAB/Simulink environment are performed to evaluate acceleration/deceleration

performance, and power consumption of the electric vehicle when different controllers



(PID, Fuzzy and MPC) are used for ACC. Since vehicle engine performance can be
changed with the driving condition (smooth or aggressive), the energy efficiency of the
system is evaluated by looking at the instantaneous vehicle power consumption.

The thesis is organized as follows. General architecture of the Cruise Control (CC) and
Adaptive Cruise Control (ACC) that is developed for this thesis has been given in Chapter
I1. Then, the vehicle dynamic model of the electric vehicle, and power consumption model
details are given in Chapter Ill. The details of the designed system with PID, Fuzzy and
MPC controller are provided in Chapter 1V. The experimental set-up, the scenario and the
results that demonstrate how the performance and power consumption change when
different controller parameters are used are given in Chapter V. The conclusion and future

work of the proposed work are presented in Chapter VI.



2. GENERAL ARCHITECTURE

Cruise control (CC) system is an old vehicle technology that controls the vehicle speed to
set the desired speed from the driver. CC system basically controls throttle-
accelerator system of the vehicle engine system by comparing desired speed (V gesired), and
actual speed of the vehicle (Vacwa). CC system is turned on/off from set or resume switch
which is typically placed on the steering wheel [24]. The block diagram of a cruise control
system is shown in Figure 2.1.The aim of the CC is to reduce the error (Vgesired -Vactual), and

send necessary torque command to the engine of the vehicle.

+ ) . .
V dosired O Error Cruise Control Torque Command Vehicle Dynamic Model

(Controller) = (Plant)
/‘\Vactual

Figure 2.1. Cruise Control system configuration

Adaptive Cruise Control (ACC) is an intelligent form of CC that is basically developed
from CC theory of speed limiting. However, apart from the CC, ACC system also controls
the brake system of the vehicle. Driver does not have to adapt the speed of the vehicle
considering the traffic conditions. The configuration of the Adaptive Cruise Control system
is given in Figure 2.2. Sensors (radar or camera) are used in the front of the vehicle to
detect conditions in the traffic. These sensors provide distance information (Xea-Real
Distance) between vehicles, and any form presence in front of the vehicle to the ACC
system controller. After all, ACC system controller automatically sets vehicle speed
(Vdesired) by looking at the information from sensor systems. If the distance between vehicle
and any form is not in the critical range, the speed of the vehicle speed (Vactua) IS Set
automatically to the desired speed that is set before. If the sensor systems in the vehicle
detect any form, then the vehicle automatically slows down. This slowing down procedure
continues until reaching safe distance (Xgesireq) between two vehicles. Desired speed and

distance is controlled by ACC setting switches by the driver.
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Figure 2.2. Adaptive Cruise Control system configuration




3. ELECTRIC VEHICLE DYNAMICS AND POWER
CONSUMPTION  MODELLING

Newton’s second laws related forces are introduced to derive the electric vehicle dynamic
model. There are two types of forces acting on the vehicle during motion, which are called
longitudinal and lateral. Longitudinal forces on the electric vehicle are the traction force
(Fyr), aerodynamic force (Fr,), rolling resistance (F..), gravitational force (F,;), and
acceleration resistance (F,) (Figure 3.1) [25-30]. Toe-in and suspension resistances are
also the other longitudinal forces act on the electric vehicle. Lateral vehicle forces directly
acts on the vehicle. Main lateral vehicle forces are cornering resistance, and lateral
aerodynamic resistance. Toe-in, suspension effect and lateral forces are negligible thus
these forces are not included in the dynamic equations of the electric vehicle used in this

thesis.

Figure 3.1. Longitudinal forces on vehicle

The general dynamic equation motion of the electric vehicle is given in Equation 3.1.

av (o)
d(t)

F..(t) =m X + Fiero + Er + Fj + Fyr (3.2)

where, m is mass of vehicle (kg) and V(t) is the vehicle speed (m/s).



The traction force is calculated as;

E(t) Xn X Ng XNg
R

Fer () = (3.2)

where, E; and n are engine net torque (Nm), and overall efficiency of power train (per
cent), Ng is the total gear ratio of transmission, N, is the driving axle ratio, and R is the

effective tire radius (m). The tractive force input/output block is shown in Figure 3.2.

E:—>
Ng Tractive

—>F,
Nﬂ% Force ‘
n—>
R—>

Figure 3.2. Tractive force input/output block

The aerodynamic force is calculated as follows;

Froro(®) = % X p X Ag X Cq X (V(t) + V,)? (3.3)

where, p represents air density, A¢ is the maximum vehicle frontal cross area (m?),
Cq4 is the drag coefficient, V(t) is the vehicle speed (m/s), and V,, is the wind velocity

(m/s). The aerodynamic force input/output block is given in Figure 3.3.

Vreafﬁ
Vwind% A d .
eroaynamic > Fa’ero
Co—] Force
Ar—)
p—)

Figure 3.3. Aerodynamic force input/output block

The rolling resistance is defined as follows;

Frr =k XW X cos 0 (3.4)
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where, k shows rolling resistance coefficient (N/kg), W is multiply of the mass of vehicle
(m) (kg) and gravitational acceleration (g) (m/s?), and 0 is the angle of incline. The rolling

resistance input/output block is shown in Figure 3.4.

k—>)
W —>|  Rolling S F
Angle—> Resistance "

Figure 3.4. Rolling resistance input/output block

The gravitational resistance is calculated as follows with same parameter of Frr;

Fg=mxgXsinf (3.5)

The gravitational resistance input/output block is given in Figure 3.5.

W—) Gravitational N
Angle—>] Resistance g

Figure 3.5. Gravitational resistance input/output block

The acceleration resistance is calculated as;

dv(t
Far:AmeTi)) (3.6)

where, A is rotational inertia constant, m is mass of vehicle (kg), and V(t) is the vehicle

speed (m/s). The acceleration resistance input/output block is given in Figure 3.6.

vreaﬁ i
- Acceleration SF.

A — Resistance

Figure 3.6. Acceleration resistance input/output block



3.1. PARAMETERS OF THE ELECTRIC VEHICLE

11

The electrical vehicle parameters that are used in this thesis are taken from a vehicle
company in Turkey. The parameters of this vehicle are given in Table 3.1.
Table 3.1. Vehicle model parameters
Value
Vehicle speed, V (m/s) Variable
General Parameters Mass of vehicle, m (kg) 1705
Gravitational acceleration, g ( m/s?) 9,81
Angle of incline, 0 Variable
Engine net torque, E; (Nm) 255
Overall efficiency of powertrain, n (per cent) |92
Traction Force Parameters Total gear ratio of transmission, N 9,99
Driving axle ratio, N, ltol
Effective tire radius, Res (M) 0,32
Air density, ro 1,225
Aerodynamic Force Parameters Max vehicle frontal cross area, A (m2) 2,66
Drag coefficient, C4 0,302
Wind velocity, V, Variable
Rolling Resistance Parameters Rolling resistance coefficient, k (N/kg) 0,011
Acceleration Resistance Parameters | Total rotational inertia constant, & 1,17

It can be seen from Equation 3.2 that F, directly depends with E,. Generally, when the

engine speed-engine torque behavior of electric motor is analyzed, it is noticed that the

torque parameter is not same for every engine speed interval. The electric vehicle motor

characteristic of the electric vehicle is modeled using the engine characteristics graph given

in Figure 3.7. It can be seen from Figure 3.7 that when the engine rpm increases then the

engine peak torque starts to decrease after 4500 rpm interval.
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Engine Characteristic
280
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/
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rpm

Figure 3.7. EV engine characteristic

The engine torque parameter is the main parameter that affects the vehicle as a tractive
force. Thus, the torque-speed characteristic is formalized to include ACC function into
electric vehicle used. The mathematical representation of electric vehicle engine
characteristics is done by Curve Fitting Tool of MATLAB [31] using the engine
characteristic given in Figure 3.7. Curve Fitting Tool configuration interface can be seen in
Figure 3.8 regarding work. In this study, Gaussian method is used with ‘2’ number of
terms chosen as a fitting method to derive the mathematical representation, and the

following equation is obtained:

F(x) = a; X e<_(%)> g <_(%)> + a, X e<_(%)> g (_(%D (3.7)

where F(x) is the peak torque, and x is the engine rpm. The coefficients are calculated as
2,=86.71, a,=385.6; b;=3744, b,=-9801; ¢;=2219 and c,=14080.

Equation 3.7 is used to provide the real torque to the electric engine by looking at the
actual engine speed. Torque and maximum vehicle speed are directly limited by engine

speed value because E; is not a flat function, and it changes with engine speed.
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Figure 3.8. Electric vehicle engine characteristics modeling (rpm/torque)

3.2. POWER CONSUMPTION MODELING

Power consumption is the parameter that is used to evaluate ACC model. The required
power formula is written in Equation 3.8 and 3.9 using physical laws to generate tractive
force in Equation 3.1. In Equation 3.8 and 3.9, the total power requirement (Pyq) [W] at
each time step (second) is estimated from the sum of all resistive forces multiplied by the

vehicle’s longitudinal speed [32—-36].
Piotal = Fip XV = (Fa + Faero + Frr + Fg + Far) XV (3-8)

where, F,. is traction force (N), V is vehicle speed (m/s), F, is acceleration force (N),
Faero is aerodynamic force (N), F. is rolling resistance (N), F is gravitational force (N)

and F,, is acceleration resistance (N). When all equations from 3.1 to 3.6 are inserted in

Equation 3.8 then the following equation is obtained.
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Poyral = ((m X d;’(g))v+ (3% P X Arx Cqx (V(O) + V)2V + (k X W X cos B)V +

(mx gxsin®)V + (A X m X %)V) (3.9)

where, m shows mass of vehicle (kg), V represents vehicle speed (m/s), p is air density, A¢
is maximum vehicle frontal cross area (m?), Cq4 is drag coefficient, V,, is wind velocity
(m/s), kis rolling resistance coefficient (N/kg), W is multiply of the mass of vehicle (m)
(kg) and gravitational acceleration (g) (m/s?), 0 is angle of incline and A shows rotational

inertia constant.
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4. DESIGN OF AN ADAPTIVE CRUISE CONTROL (ACC) USING
DIFFERENT CONTROLLERS

ACC is designed with three well-known controllers that are Proportional-Integral-
Derivative (PID), Fuzzy and Model Predictive Controller (MPC) to evaluate their impact
on vehicle dynamic regarding acceleration/deceleration performance, and power
consumption. In this section, initially, theoretical information behind these controllers is
given, and then the details of each ACC design with these three controllers are provided.

41. DESIGN OF ACC USING A PID (PROPORTIONAL-INTEGRAL-
DERIVATIVE) CONTROLLER

Proportional-Integral-Derivative (PID) controller is a well-known controller used in many
areas such as automation systems for energy production, transportation, and manufacturing
[37]. The aim of the PID controller is to minimize the error (the difference between the
target value (Fy) and feedback value of what is controlled). A typical mathematical

representation of a PID control system is given as follows

de(t)

u(t) = K, [e(®) + Ki [e(@®)d(r) + Kq E] (4.1)

Error signal e(t) is used to generate proportional, integral and derivative actions on the
input signal u(t). The error signal e(t) is defined as e(t) = r(t) — y(t), r(t) is the
reference input signal and y(t) is the output signal of the system [38]. In this equation, K,

represents proportional gain, K; is the integration gain and Ky is the derivative gain.

The ACC with a PID controller for the electric vehicle is shown in Figure 4.1. In this
model, PID controller automatically generates the proportional, integral and derivative
actions on the error signal. The error signal means the difference between desired tractive
force and real tractive force in this thesis. PID controller sends ‘Fne’ to the vehicle

dynamic system by controlling this error value.

Desired engine force comes from “ACC decision block”. ACC decision block calculates
the desired tractive force by checking radar sensor value, and driver set speed value

(Vdesirea)- Driver set speed value is a cruising value for ACC decision block. If any object is
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detected in front of the vehicle from detection sensors, then ACC decision block
automatically change desired value into the detection form speed (Vgetected). If there is no
object detected in front of the vehicle, then ACC decision block set desired value to driver
cruising value again.

V desired —3
ACC
Decision Fo + Error ACC Fret | Vehicle Dynamic Model
- (PID Controller) — (Plant)
Vv Block AR -
detected— -
Fuero | Aerodynamic Vactual
Force
For Rolling
Resistance
Fg Gravitational
Resistance
F, | Acceleration V actual
Resistance

Figure 4.1. Adaptive Cruise Control system with PID controller

4.2. DESIGN OF ACC USING A FUZZY CONTROLLER

Fuzzy control systems are composed of four main elements, which are i) a set of “If-Then
rules” that contains a linguistic description of how to achieve control, ii) “fuzzy inference*
that is the decision making assumptions from experience and experiment knowledge about
how best to control the plant, iii) “fuzzification mechanism” that is the process to convert
controller inputs into one or more fuzzy sets, and iv) “defuzzification mechanism” that
converts the fuzzification sets into the final output sets according to “If-Then rules” and
“fuzzy inference”[39]. This operation flow is given in Figure 4.2. In this operation flow,
Fuzzy controller use membership function, input and output ranges rules for each operation

modes from input to output.
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Fuzzy Fuzzification
Input If-Then rules X .
Inference mechanism
] Detuzzification
Output .
mechanism

Figure 4.2. Fuzzy operation workflow

The ACC with a Fuzzy controller for the electric vehicle is shown in Figure 4.3. In fuzzy
controller, traction force (Fy) is not controlled directly by looking at the desired and actual
engine force. In this model, Fuzzy Logic Controller looks at the desired and actual speed of
the vehicle to give according engine force into the system. MATLAB/Simulink Fuzzy
Logic Designer program interface used in this thesis is given in Figure 4.4. “ACC Decision
Block” is the desired speed decision mechanism, which directly looks at sensor
information, and sets speed from driver. For example, when driver sets the cruising speed
to a 90 km/h, this block provides 90 km/h speed information as an output (V) if no
vehicle or any object is presence in front of the vehicle. If there is a vehicle or any object is
detected in front of the wvehicle, then ACC decision block gives detected speed to
decelerate the vehicle. After all, “ACC decision block™ output, and “actual vehicle speed
from the vehicle” difference are given to the Fuzzy controller as an input. Fuzzy controller

decides traction force level by looking at the rules that are introduced in “fuzzy inference”.

Vdesired —H
+
Dei\:icsfon Vea Error, ACC Fuet | Vehicle Dynamic Model
Block (Fuzzy Controller) (Plant)
Vdetected—> -
Vactual

Figure 4.3. Adaptive Cruise Control system with Fuzzy controller
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Figure 4.4. Fuzzy Logic designer interface on Simulink

4.3. DESIGN OF ACC USING A MODEL PREDICTIVE CONTROLLER (MPC)

Model Predictive Control (MPC) is based on solving an optimization problem numerically
at each time step with considering some constrains [40,41]. In recent years, the advances in
MPC algorithms, and design processes are also discovered in automotive area to increase
efficiency of the vehicle system, and electronic components. MPC is widely used in power
train and chassis control applications in the automotive industry [42]. In this thesis, MPC is

used because of its advantages in terms of efficiency and accuracy.

In MPC theory, there are three main input and output component. Measured plant output
(mo) and references (ref) are the input parameters. Model predictive controller gives an
output as manipulated variable by looking at these two inputs. Prediction, control horizon
and sample time are used by MPC when calculating output value from input value (Figure
4.5).

In ACC design, Vca is calculated from “ACC decision block”. MPC controller calculates
traction force (Fy) by managing three parameters that are “measured plant output”,
“reference” and “manipulated variable”. Output (V) of the “ACC decision block”
provides reference (ref) value for the MPC controller. Measured plant output (mo) (Vactuar)
is speed signal that is a feedback from the vehicle. The manipulated variable (mv) is the

controller block output (Fne) that is tractive force value expressed in Newton. MPC
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controls the traction force directly by looking at the desired, and actual vehicle speed
(Figure 4.6).

Measured plant output (mo) Marioulated variabl
—3 Model Predictive anipulated variable (mv)

C 1
Reference (ref) ontroller >
Control Horizon Sample Horizon

Prediction Horizon

Figure 4.5. Model Predictive Controller working principle

In ACC design, Ve is calculated from “ACC decision block”. MPC controller calculates
traction force (Fy) by managing three parameters that are “measured plant output”,
“reference” and “manipulated variable”. Output (V) of the “ACC decision block”
provides reference (ref) value for the MPC controller. Measured plant output (mo) (Vactuar)
is speed signal that is a feedback from the vehicle. The manipulated variable (mv) is the
controller block output (Fne) that is tractive force value expressed in Newton. MPC
controls the traction force directly by looking at the desired, and actual vehicle speed
(Figure 4.6).

Model predictive controller configuration is directly set using MPC Designer APP in
MATLAB/Simulink [43]. Initially, plant is linearized and introduced into the MPC
controller. Then, optimization methods, control, prediction horizon and sample time are
selected (Figure 4.7). Later, ACC controller is developed to control the performance of the

electric vehicle.

Vesired ™ Vou
ACC > ACC Fret | Vehicle Dynamic Model
Decision (MPC Controller) (Plant)
Block
Vdetected—
Var:tuai

Figure 4.6. Adaptive Cruise Control system with MPC controller
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Figure 4.7. MPC Designer interface in MATLAB/Simulink
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5. EXPERIMENTS AND RESULTS

In this thesis, the simulation experiments were done using MATLAB/Simulink [44] tool.

All modeling equations that were given in Section 3.1 and 3.2 were implemented in

MATLAB/Simulink [44].

Firstly, vehicle dynamic conditions and ACC function with PID controller is modeled by
MATLAB/Simulink[45] tuning tool. ACC decision block, PID controller, dynamic vehicle
longitudinal forces and sensor information (vehicle detected or no vehicle) are the main

blocks in this model. All blocks can be seen from Figure 5.1.

ACC Decision Block

Gravitional Resistance

r — iff..}
. i~ -1 R
o} < “ q
SetS peed Velocity .
elseiffuz==1) TH \ehicle
u2q ﬂ
else Vehicle Detected
S | ]
Detected Speed Velocity
Mot |
"
l -_\_:_K]- ftul - S
“* 1 I."_' \ =
s | — . e
+ Merge ¢ PID(s) ¥ \ E s s
“.:/  Velocity Block
PID Controller I
1
[—
[ 'l:l Aerodynamic Force
m Rolling Resistance
Angle of incline :’
Velocity Blocki
Gravitional Resistance
T
My
' ‘| Aerodynanmic Forced
I
gL
Ralling Resistancet
Angle of inclinet
I

Figure 5.1. ACC model with PID in MATLAB/Simulink
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Secondly, ACC model with ACC decision block, Fuzzy controller, dynamic vehicle
longitudinal forces and sensor information (vehicle detected or no vehicle) is created in
MATLAB/Simulink [51] tuning tool that is given in Figure 5.2.

S Spee Velodly ACC Decision Block
| ifl.)
. ul
‘ elseif{z=1)
eleeif {1 2
ele 0
‘ _,/: No Vehicle
——— ||
Vehicle Detected
ifut=u) |
| elseiutu) 2 ifut=0) Detected Speed Velocity
ul
4 i else{uf=1)
=~ | e [esaity | |
[
Merge
i{}
O [T
l.:uuy Logic
Controller ) q

Rolling Resistance

Angle of incline

Gravitional Resistance

Figure 5.2. ACC with Fuzzy Logic Controller in MATLAB/Simulink design

As a final model, vehicle longitudinal motion forces and ACC with Model Predictive
Controller (MPC) configuration are implemented in MATLAB/Simulink [43].
Relationship between ACC decision block, dynamic vehicle longitudinal forces and sensor

information is given in Figure 5.3.
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Figure 5.3. ACC with Model Predictive Controller in MATLAB/Simulink design

A scenario was selected to evaluate the performance in acceleration/deceleration, and

power consumption when ACC system was designed with three different controllers (PID,

Fuzzy and MPC). In the scenario, the driver set the cruising speed to 70 km/h. Initially;

there was no vehicle or object detected in front of the vehicle. After the vehicle reached the

desired speed, then an object which had a speed between 40 to 45 km/h interval was

detected by the sensing module. ACC decision block sent a signal to the engine system to

decelerate. Engine system was also chosen as a deceleration mechanism to charge the

electric vehicle battery. Then, when the road was clear (no vehicle in the front), ACC

decision block started to accelerate the vehicle back to the driver cruising value by sending

speed-up comment to the ACC controller. The same scenario had been evaluated using
PID, Fuzzy and MPC controllers in ACC.
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5.1. PID CONTROLLER PARAMETERS EFFECTS ON ACC SYSTEM
BEHAVIOR AND EFFICIENCY

The choice of PID controller gain parameters was important because they had an effect on
ACC dynamic system, which had been described in Section 4.1.
MATLAB/Simulink PID [45] tuning tool had been used to decide the PID gains. In the

In this part,

first case, P, I, D and N parameters were selected for two different models (Table 5.1). It
was noticed that the transient behavior was aggressive (not robust) at disturbance rejection
in both models. The response time was faster in the first model than the second model. It
could be noticed that the vehicle reached the desired speed faster when the first model
were used (Figure 5.4). However, the vehicle speed settled to 70 km/h faster when the
second model was used. Power consumption of the battery was more when there was a fast
acceleration feedback, and longer settling time. The power consumption of two models
under the same condition could be seen in Figure 5.5. In deceleration phase, first model

behaved more efficient because of the fast regeneration of the battery.

Table 5.1. First and second PID model parameters

First Model Second Model

PID Parameters Value Value

P 0 0.1654

| 0.6699 0.0003

D 0 -2.35

N 100 0.080

Response Time Behavior | Faster Slow

Transient Behavior Aggressive at Aggressive at
disturbance rejection disturbance rejection
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Figure 5.5. First and second PID systems effect on power consumption (W/s)

Then the controller performance had been evaluated when the filter coefficient effect (N)
had been changed. The second model filter coefficient was changed from 0.080 to 0.070
(Table 5.2). It was observed that hanging filter coefficient created the ripples on the vehicle
speed (Figure 5.6). Thus, speed could not be kept constant because of these ripples.
Additionally, these ripples could cause extra power consumption for the vehicle (Figure
5.7). As a summary, when the filter coefficient (N) was decreased, vehicle acceleration
and deceleration phase and also steady state behavior oscillation frequency was increased

and caused energy battery efficiency of the vehicle in worst direction.



Table 5.2. Second and third PID model parameters

Second Model Third Model
PID Parameters Value Value
P 0.1654 0.1654
I 0.0003 0.0003
D -2.35 -2.35
N 0.080 0.070
Response Time Behavior | Slow Slow

Transient Behavior

Aggressive at

disturbance rejection

Aggressive at

disturbance rejection

0 100 200 300

400 500
Time

600

700 800

Figure 5.6. Second and third PID systems effect on vehicle speed (km-h/s)

Power Consumption
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Figure 5.7. Second and third PID systems effect on power consumption (W/s)
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Another control parameters had been used for the fourth model (Table 5.3). Closed loop
response time behavior was selected same for both models. First model transient behavior
was set as more aggressive at disturbance rejection than fourth model by changing P, I, D
and N parameters. It was observed that speed transient behavior was smoother in fourth
model than first model (Figure 5.8). First ACC model consumed much power than fourth
model when ACC system was in acceleration period (Figure 5.9).

Table 5.3. First and fourth PID model parameters

First Model Fourth Model

PID Parameters Value Value

P 0 0.1469

I 0.6699 0.6188

D 0 -0.1841

N 100 0.798

Response Time Behavior | Faster Faster

v AR M. More  aggressive  at | More robust against
disturbance rejection plant uncertainty

0 100 200 300 400 500
Time

Figure 5.8. First and fourth PID systems effect on vehicle speed (km-h/s)
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Power Consumption

Figure 5.9. First and fourth PID systems effect on power consumption (W/s)

5.2. FUZZY CONTROLLER PARAMETERS EFFECTS ON ACC SYSTEM
BEHAVIOR AND EFFICIENCY

Fuzzification, fuzzy inference process and defuzzification are three important steps to
design fuzzy controller. The purpose of fuzzification is to map the inputs to the values 0 to
1 using membership functions. At this stage, membership functions can be triangular,
trapezoidal, linear, gaussian etc. After the fuzzification stage, fuzzy rules are set in fuzzy
inference process. In fuzzy theory, Mamdani and Takagi-Sugeno are two commonly
linguistic form rules as fuzzy inference process. Once and for all, the output from the
inference engine are converted into crisp output value with defuzzification methods.
Common defuzzification techniques are center of-area (gravity), center-of-sums and mean
of maxima [46-48].

Different membership functions were compared on the same ACC operation condition.
Input and output range effects were investigated to understand fuzzification, and
defuzzification process effect on power consumption. In this thesis, Mamdani inference

approach was used because of the nonlinear ACC behavior.

Fuzzy parameters for two different models were given in Table 5.4. Both the model input
and output Fuzzy range were the same. However, first membership function was chosen as
a z-shape, and second membership function was chosen as a triangular-shaped. Fuzzy
model input range was selected as [-150, +150] in negative and positive interval because if

the vehicle needed to slow down fuzzy input became in negative interval. However, if the
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vehicle was in speed up, fuzzy input became in positive interval (as it had been shown in
Figure 4.3). [-150, +150] interval was selected with considering minimum and maximum
vehicle speed difference coming from the closed loop feedback. Output interval of fuzzy
logic was directly related with engine force. It was observed that vehicle speed transient
behavior was more aggressive when zmf membership function was used. Furthermore, the
settling time of first model was shorter than second model (Figure 5.10). Power
consumption of the battery was more in the first model because of the fast acceleration
feedback (Figure 5.11). However, because of the negative torque effect, first model
generated more energy in short deceleration interval than second model.

Table 5.4. First and second Fuzzy models parameters

Fuzzy Models First Model Second Model
Input Range [-150,+150] [-150,+150]
Input Membership Function Type zmf trimf

Output Range [0,+150] [0,+150]
Ouput Membership Function Type zmf trimf

\

0 20 40 60 80 100 120
Time

Figure 5.10. First and second Fuzzy systems effect on vehicle speed (km-h/s)
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Figure 5.11. First and second Fuzzy systems effect on power consumption (W/s)

The second and third experiments were related with the changes in the input and output
range of fuzzy membership function to examine controller response effect on vehicle
acceleration/deceleration. Changing input and output range (Table 5.5) resulted in different
fuzzification and defuzzification behavior of fuzzy model. For the second experiment, third
model was designed with decreasing interval of input and output fuzzy rule range from [-
150, +150] to [-75, +75] to improve the performance of controller. This performance
change directly resulted in increment in power consumption in acceleration phase of
vehicle (Figure 5.12). Energy regeneration was more than second model because

deceleration performance of the vehicle was faster in the third model (Figure 5.13).

Table 5.5. Second and third Fuzzy models parameters

Fuzzy Models Second Model Third Model
Input Range [-150,+150] [-75,+75]
Input Membership Function Type trimf trimf
Output Range [0,+150] [0,+75]
Output Membership Function Type | trimf trimf
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Figure 5.13. Second and third Fuzzy systems effect on power consumption (W/s)

The input and output range had been increased from [-75, +75] to [-350, +350] (Table 5.6)
to observe slow response effect of designing fuzzy controller on wvehicle power
consumption. Fuzzification and defuzzification behavior was smoother than the first,
second and third models. Additionally, the vehicle speed had slower response than all
previous models in acceleration and deceleration performance (Figure 5.14). This
performance changes directly resulted in more travelling range when power consumption
had been considered in acceleration period (Figure 5.15). This behavior was expected
because slower acceleration meant less power consumption. It was vice versa for

deceleration phase.



Table 5.6. Third and fourth Fuzzy models parameters

Fuzzy Models Third Model Fourth Model
Input Range [-75,+75] [-350,+350]
Input Membership Function Type trimf trimf

Output Range [0,+75] [0,+350]
Ouput Membership Function Type | trimf trimf
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Time

Figure 5.14. Third and fourth Fuzzy systems effect on vehicle speed (km-h/s)
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Figure 5.15. Third and fourth Fuzzy systems effect on power consumption (W/s)
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5.3. MPC CONTROLLER PARAMETERS EFFECTS ON ACC SYSTEM
BEHAVIOR AND EFFICIENCY

There are three key controller parameters when designing a system with MPC which are
prediction horizon (Tp), control horizon (T¢) and sample time (5). The controller predicts
the dynamic behavior of the system over a prediction horizon (as a future prediction), and
determines the input over a control horizon based on the measurements (reference (ref)
value and measured plant output (mo)) obtained at time t. Control horizon is always
smaller than Tp. This process is repeated for each sampling time with control and
prediction horizon shifting forward [49,50].

Different MPC configuration was set to understand vehicle acceleration/deceleration
performance, and power consumption effects of MPC controller parameters. Firstly,
control horizon time was evaluated. Secondly, prediction horizon effect was analyzed with
keeping sample and control horizon time constant. Lastly, three MPC systems were
configured with different sample time to understand sample time effect on vehicle speed

behavior, which would affect the performance.

MPC parameters for three different models of the first model to third model were given in
Table 5.7. All models sample time and prediction horizon time were chosen as 1 and 10
seconds to see control horizon effect in wide range between 6-8 sec intervals. It was
observed that decreasing of controlling horizon served acceleration, and deceleration
performance of the vehicle was faster than the second and third model. This meant that if
the controlling horizon was too low, the controller capability of the quick response was
improved (Figure 5.16). Additionally, this performance changing directly resulted power

consumption increasing in acceleration interval (Figure 5.17).

Table 5.7. All MPC models parameters for control horizon experiments

MPC Models First Model | Second Model | Third Model
Sample Time(s) 1 1 1

Prediction Horizon(s) 10 10 10

Control Horizon(s) 6 7 8




34

0 100 200 300 400 500 600
Time

Figure 5.16. MPC control horizon effect on vehicle speed (km-h/s)

Power Consumption
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Figure 5.17. MPC control horizon effect on power consumption (W/s)

The second experiment was related to change in prediction horizon effect (T,) on ACC
system. Fourth, fifth and sixth models were created with 1 second sample time, and 2
second control horizon. Prediction horizon of the controllers was increased from 2 seconds
to 100 seconds (Table 5.8). When plant output (vehicle speed) of each models were
analyzed, then it could be seen that sixth model transient feedback was faster than fifth and
fourth model (Figure 5.18). It was verified that prediction horizon increasing improved
output reaction of the controller. When the power consumption effect was analyzed, then it
could be seen that fourth model of the power consumption (acceleration) was higher than
the other ones. The main reason of this behavior was the increase in vehicle acceleration
(Figure 5.19). Regeneration of the EV battery in sixth model was much than the other

models because sixth model deceleration performance was faster than the other ones.



35

Table 5.8. All MPC models parameters for prediction horizon experiments

MPC Models Fourth Fifth Sixth
Model Model Model

Sample Time(s) 1 1 1

Prediction Horizon(s) | 2 10 100

Control Horizon(s) 2 2 2
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Figure 5.18. MPC prediction horizon effect on vehicle speed (km-h/s)
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Figure 5.19

. MPC prediction horizon effect on power consumption (W/s)
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Three MPC models were created to understand the sample time parameter effect of MPC
controller on vehicle speed and consumption parameters (Table 5.9). In these parameters,
all prediction horizons were chosen as 10 seconds. 2 seconds was described for all MPC
control horizon because control horizon of the MPC had to be less than prediction horizon
(according to the MPC theory [49]). Sample time was chosen as 0.1, 1 and 5 seconds for
seventh model, eighth and ninth model.

It was observed that when the sample time of MPC controller had increased, then the
transient response of the controller was slower. For instance, seventh model sample time
was less than the other ones. Thus, the vehicle reached 70 km/h (driver set speed) faster
than the other MPC models (Figure 5.20). When the power consumption effect had been
analyzed, it had been seen that ninth model of the power consumption (acceleration) was
higher than the other ones because of the slope of vehicle acceleration (Figure 5.21). The
performance changing resulted less travelling range for ninth model since the usage of

instant torque of the engine was increased in acceleration period.

Table 5.9. All MPC models parameters for sample time experiments

MPC Models Seventh Eighth Ninth
Model Model Model
Sample Time(s) 0.1 1 5
Prediction Horizon(s) | 10 10 10
Control Horizon(s) 2 2 2

0r

60

Time

Figure 5.20. MPC sample time effect on vehicle speed (km-h/s)
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Figure 5.21. MPC prediction horizon effect on power consumption (\W/s)
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6. DISCUSSION AND CONCLUSION

Efficiency, carbon emission and performance are the important advantageous of the
electric vehicles when it is compared with internal combustion engine. However, high
battery costs, long charging time, low limited range, and limited charging infrastructures
are problems that researchers are still working on. These problems are the reasons of the
low number of electric vehicles in the roads. Changing physical and chemical battery
characteristic and its management systems are some of the proposed studies to increase
travelling range of electric vehicles. Furthermore, new vehicle technologies such as
regenerative braking systems or ADAS systems have also been used on the electric
vehicles to increase battery range. Adaptive Cruise Control (ACC), which is one of the
Advanced Driving Assistance Systems (ADAS) systems, has also been used to increase the

travelling range of electric vehicles without compromising the safety.

The aim of this thesis is to compare acceleration and deceleration performance by looking
at the vehicle speed, torque map and power consumption characteristic of the electric
vehicle when different controllers (PID, Fuzzy and MPC) are used for ACC. Different
control parameters are selected to investigate the changes in the performance, and power

consumption of the electric vehicle.

In this study, first the mathematical model of the longitudinal motion dynamic of electric
vehicle has been extracted. In this model, tractive force, aerodynamic resistance,
acceleration force, gravitational force, and rolling resistance equations have been put into
Newton second law equation. All these forces are extracted and included into the dynamic
equations. The model of the power consumption has been taken from the literature studies
[32-36]. Then, PID, Fuzzy and MPC controllers have been integrated into this dynamic
model of the electric vehicle. PID tuning tool in MATLAB/Simulink [45] have been used
to decide the PID gains. Fuzzy logic designer tool in MATLAB/Simulink [51] have been
used to change the fuzzy logic parameters. MPC configuration is directly set using MPC
Designer APP in MATLAB/Simulink [43].

A scenario has been developed to evaluate the performance in acceleration/deceleration,
and power consumption of designed ACC system with PID, Fuzzy and MPC controllers.

This scenario demonstrates a typical ACC working use-case in real-life and used for three
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controller types (PID, Fuzzy and MPC). In this scenario, the driver sets the cruising speed
assuming there is no vehicle in the front. The power consumption has been evaluated with
considering the vehicle acceleration performance in this interval (0 to 70 km/h). When the
vehicle reaches the desired speed, then there is a time interval that the vehicle is in constant
speed. Later, the vehicle has a lower speed then the cruised value (that means the driver
uses brakes — which is introduced by the sensing module). In this case, vehicle decelerates
in a short period of time. The deceleration performance, and power consumption of the
vehicle have also been analysed in this time interval.

PID parameters (Proportional, Integral, and Derivative) have been changed in
methodological approach (increasing or decreasing step by step with a constant time
interval). The response and transient behavior of the electric vehicle have been investigated
when the parameters changed. It has been noticed that when PID parameters (Proportional
=0.1654, Integral=0.0003, Derivative=-2.35 and Filter Coefficient= 0.080) are selected
then the electric vehicle has a slower, and smooth response transient speed, which affect
power consumption positively in acceleration period. However, because of the transient
speed response has been slow in deceleration phase; low level regeneration of battery
energy is effective in this interval. It has been also observed that the oscillation (which is
important in the stability) of the electric vehicle speed cause extra power consumption for
the vehicle not only in acceleration, and deceleration phase but also steady-state conditions
when filter coefficient (N) is decreased. It is noticed that when there is a change in the
parameter, then the steady state error and settling time performance of vehicle speed

change which effects the power consumption of battery.

Fuzzy controller has also been investigated by changing input-output fuzzy membership
function range, and membership function type to see acceleration/deceleration performance
of each fuzzy configuration. In this study, trimf and z shape membership function type
given in MATLAB/Simulink [44] have been used. When z shape membership function has
been used, then it is observed that vehicle speed transient behavior has been more
aggressive than trimf function, and settling time has been shorter which results in more
power consumption for the vehicles in acceleration period. It has also been observed that
changing input-output membership fuzzy range interval has more effect on instantaneous
power consumption than membership function type because of the sensitivity tolerance of

the fuzzy. It is noticed that decreasing interval of input and output fuzzy rule range from [-
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150, +150] to [-75, +75] improve the acceleration performance of the vehicle. This
performance change directly results in increment of power consumption in acceleration
phase of vehicle, which is a negative effect on energy efficiency. On the other hand
increasing of this interval results more energy regeneration in deceleration phase of the
ACC. This fuzzy configuration can be used to obtain more energy from powertrain to the
battery in the short period.

There are three key controller parameters when designing a system with MPC which are
prediction horizon (T,), control horizon (T¢) and sample time (3). The effects of these
parameters on the vehicle speed-torque performance, and power consumption have also
been investigated. It has been observed that power consumption of the vehicle dramatically
increases when the parameters have been selected towards the acceleration performance
increase direction. Decreasing of control horizon (from 8 to 6 sec), prediction horizon (100
to 2 sec) and increasing sample time (0.1 to 5 sec) cause battery power consumption
increase. When deceleration performance is considered then it is noticed that regeneration
of the electric vehicle battery is much in short time period. Additionally, when T, and T,
are increased, and & is decreased then a change in the positive direction for power

consumption is noticed in the acceleration interval.

In this thesis, ACC system is evaluated only in simulation environment using different
controllers. As a future work, the experiments will be performed in real-time on the real
electric vehicle. A radar or lidar module will be placed into the vehicle and engine control
module. Other road and traffic conditions such as different weather conditions or up and
down road conditions will be included into the model. Stop and go traffic effects on battery

consumption will also be investigated.

Optimization of each controller parameter is another study that will be done in the future
considering performance and power consumption of the electric vehicle. In this study, we
compare electric vehicle performance and power consumption when different PID
parameters (Proportional, Integral, and Derivative), Fuzzy controller parameters (input-
output membership functions and types) and MPC parameters (prediction horizon, control
horizon, and sample time) are used. However, there is no optimum solution introduced for
each controller parameters to reach energy efficient ACC design. In the future, electric
vehicle battery consumption could be defined in optimization problem to find the best

parameter for each controller.
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The developed controller behaviors will also be integrated with traffic data or GPS/Internet
based navigation system to define electronic horizon in the future. The geometric
description of the road that is curvature or slope can be reached from this electronic
horizon. The speed profile (acceleration, deceleration) and controller parameters will be
considered according the horizon without compromising safety criteria, which may
improve energy efficiency of ACC technology in positive direction.



42

REFERENCES

10.

11.

Rezvani Z, Jansson J, Bodin J. Advances in Consumer Electric Vehicle Adoption
Research: A Review and Research Agenda. Transp Res Part D Transp Environ.
2015;34:122-36.

European Commission. Electric Vehicles Report [Internet]. 2017. Available from:
https://ec.europa.eu/transport/themes/urban/vehicles/road/electric_en

International Energy Agency (IEA). Transport Energy and CO2 : Moving Towards
Sustainability. 20009.

International Energy Agency. Global EV Outlook 2017: Two million and counting.
IEA Publ. 2017;1-71.

A Study by Transport and Environment. Electric Vehicles in Europe - 2016.
2016;0-37.

ING Economics Department. Breakthrough of Electric Vehicle Threatens European
Car Industry. 2017;

Wood E, Rames C, Muratori M, Raghavan S, Melaina M. National Plug-In Electric
Vehicle Infrastructure Analysis. 2017;(September).

Berckmans G, Messagie M, Smekens J, Omar N, Vanhaverbeke L, Mierlo J Van.
Cost projection of state of the art lithium-ion batteries for electric vehicles up to
2030. Energies. 2017;10(9).

Chabchoub MH, Trabelsi H. Consolidation of the Electric Vehicle Battery by an
Ultracapacitor for Performance Improvement. 2013 10th Int Multi-Conference Syst
Signals Devices. 2013;1-5.

Buccolini L, Ricci A, Scavongelli C, Demaso-Gentile G, Orcioni S, Conti M.
Battery Management System (BMS) Simulation Environment for Electric Vehicles.
EEEIC 2016 - Int Conf Environ Electr Eng. 2016;2—7.

Mahapatra AA, Pradhan T. Electrical Braking with Improved Energy Regeneration
in Induction Machine Drive. IEEE ICRAIE. 2016;



12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

43

Bucsan G, Balchanos M, Mavris DN, Lee JS, Ishigaki M, Iwai A. Management of
Technologies for Electric Vehicle Efficiency Towards Optimizing Range. 2016
IEEE Int Conf Syst Man, Cybern SMC 2016. 2017;3836-41.

Young K, Wang C, Wang LY, Strunz K. Electric Vehicle Integration into Modern
Power Networks [Internet]. 2013. Available from:
http://link.springer.com/10.1007/978-1-4614-0134-6

Alrifaee B, Liu Y, Abel D. ECO-Cruise Control Using Economic Model Predictive
Control. IEEE Conf Control Appl. 2015;1933-8.

Flehmig F, Sardari A, Fischer U, Wagner A. Energy Optimal Adaptive Cruise
Control During Following of Other Vehicles. IEEE Intell Veh Symp. 2015;

Vajedi M, L. Azad N. Ecological Adaptive Cruise Controller for Hybrid Electric
Vehicles Using Nonlinear Model Predictive Control. IEEE Intell Transp Syst.
2015;17(1):113-22.

Schwickart T, Voos H, Darouach M. A Real-Time Implementable Model-Predictive
Cruise Controller for Electric Vehicles and Energy-Efficient Driving. IEEE Conf
Control Appl. 2014;

Luu HT, Nouveliére L, Mammar S. Ecological and Safe Driving Assistance System:
Design and Strategy. IEEE Intell Veh Symp Proc. 2010;129-34.

Dang R, He C, Zhang Q, Li K, Li Y. ACC of Electric Vehicles with Coordination
Control of Fuel Economy and Tracking Safety. IEEE Intell Veh Symp. 2012;240-5.

Tribioli L, Onori S. Analysis of Energy Management Strategies in Plug-in Hybrid
Electric Vehicles: Application to the GM Chevrolet Volt. Am Control Conf.
2013;5966-71.

Glaser S, Orfila O, Nouveliere L, Potarusov R, Akhegaonkar S, Holzmann F, et al.
Smart and Green ACC, Adaptation of the ACC Strategy for Electric Vehicle with
Regenerative Capacity. IEEE Intell Veh Symp. 2013;(1):970-5.

Schmied R, Waschl H, Del Re L. Extension and Experimental Validation of Fuel
Efficient Predictive Adaptive Cruise Control. Proc Am Control Conf. 2015;4753-8.



23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

44

Sajadi-Alamdari SA, Voos H, Darouach M. Nonlinear Model Predictive Extended
Eco-Cruise Control for Battery Electric Vehicles. 24th Mediterr Conf Control
Autom. 2016;476-472.

Sivaji V V, Sailaja M. Adaptive Cruise Control Systems for Vehicle Modeling
Using Stop and Go Manoeuvres. Int J Eng Res Appl. 2013;3(4):2453-6.

Vedam N, Diaz-Rodriguez I, Bhattacharyya SP. A novel approach to the design of
controllers in an automotive cruise-control system. IECON Proc (Industrial Electron
Conf. 2014;2927-32.

Damiano A, Musio C, Marongiu I. Experimental Validation of a Dynamic Energy
Model of a Battery Electric Vehicle. 2015;5:803-8.

Gillespie TD. Fundamentals of Vehicle Dynamics [Internet]. Available from:
http://books.sae.org/r-114/

Laila DS, Shakouri P, Ordys A, Askari M. Longitudinal vehicle dynamics using
Simulink/k MATLAB. UKACC Int Conf Control 2010 [Internet]. 2010;955-60.
Available from: http://digital-
library.theiet.org/content/conferences/10.1049/ic.2010.0410

Gonzalez Murillo VH, Rojas CP, Martinez SG. Modeling and simulation of the

power train of an electric vehicle. 2013;11-6.
Prof. Dr. Georg Rill. Vehicle Dynamics. 2009.
MATLAB. Curve Fitting Toolbox: User’s Guide. 2011;

Kim E, Lee J, Shin KG. Real-Time Prediction of Battery Power Requirements for
Electric Vehicles. ACM/IEEE 4th Int Conf Cyber Phys Syst - ICCPS’13. 2013;11.

Wu X, Freese D, Cabrera A, Kitch WA. Electric Vehicles Energy Consumption
Measurement and Estimation. Transp Res Part D Transp Environ. 2015;34:52-67.

Van Roy J, Leemput N, De Breucker S, Geth F, Tant P, Driesen J. An Availability
Analysis and Energy Consumption Model for a Flemish Fleet of Electric Vehicles.
EEVC Eur Electr Veh Congr. 2011;1-12.



35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45,

46.

47.

48.

49.

45

Abousleiman R, Rawashdeh O. Energy Consumption Model of an Electric Vehicle.
IEEE. 2015;

Chang N, Baek D, Hong J. Power Consumption Characterization, Modeling and
Estimation of Electric Vehicles. IEEE/ACM Int Conf Comput Des. 2014;175-82.

Karl Johan Astrom. PID Control. Control System Design. 2002. 216-251 p.

Xue D, Chen YQ, Atherton DP. Linear Feedback Control: Analysis and Design with
MATLAB. Book. 2007. 354 p.

Kevin P, Yurkovich S. Fuzzy Control. 1998.

Alessio A, Bemporad A. A Survey on Explicit Model Predictive Control. Nonlinear
Model Predict Control Towar New Challenging Appl. 2009;384:345-69.

Negenborn RR, Maestre JM. Distributed Model Predictive Control: An Overview
and Roadmap of Future Research Opportunities. Control Syst IEEE. 2014;34(4):87—
97.

Hrovat D, Di Cairano S, Tseng HE, Kolmanovsky IV. The Development of Model
Predictive Control in Automotive Industry: A Survey. 2012 IEEE Int Conf Control
Appl. 2012;295-302.

MATLAB. Model Predictive Control Toolbox User’s Guide. 2015;
MATLAB and Statistics Toolbox Release 2015b, The MathWorks, Inc.
MATLAB. Control System Toolbox: Getting Started Guide. 2011;1-278.

Bai Y, Wang D. Fundamentals of Fuzzy Logic Control — Fuzzy Sets , Fuzzy Rules
and Defuzzifications. Adv Fuzzy Log Technol Ind Appl. 2006;334-51.

Simoes MG. Introduction to Fuzzy Control. Color Sch Mines, Eng Div Golden,
Color. 2003;1-5.

Jaiswal RS, Sarode MV. An Overview on Fuzzy Logic & Fuzzy Elements. IRJCS.
2015;4(3):4-10.

Allgower F, Findeisen R, Nagy ZK. Nonlinear Model Predictive Control: From



50.

51.

46

Theory to Application. J Chinese Inst Chem Eng. 2004;35(3):299-315.

Zeeshan Ali Memon, Mukhtiar Ali Unar DMP. Parametric Study of Nonlinear
Adaptive Cruise Control for a Road Vehicle Model by MPC. Mehran Univ Res J
Eng Technol. 2012;

Mathworks. Fuzzy Logic Toolbox User’s Guide. 2016;1-285.



